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An improved grey wolf optimization algorithm for solving optimal power flow
WANG Heng, YANG Ting

(School of Information Engineering, Tongren Polytechnic College, Tongren 554300, Guizhou, China)

Abstract; Optimal power flow is one of the most critical problems in power system. In this paper, an improved Grey Wolf
Optimization Algorithm (LMGWO) is used to solve the optimal power flow ( OPF) problem. In this algorithm, multiplication and
division operators in the Arithmetic Optimization Algorithm ( AOA) are introduced. The reverse learning strategy with lens imaging
is used to enhance the diversity of optimal individuals and improve the ability of the algorithm to jump out of the local optimal.
Through comparative experimental analysis of several commonly used algorithms, the proposed LWGWO algorithm is competitive
and generally superior to recent algorithms. The experimental results show that LMGWO algorithm can find the optimal solution of
OPF problem more effectively in terms of minimizing fuel cost, active power transmission loss and improving voltage deviation.
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Fig. 1 Reverse learning strategy based on lens image
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Table 2 Parameter settings of algorithms
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Table 3 Optimization performance comparison of each algorithm on the benchmark function

MRS Eiztan SCA ChOA WOA AOA GWO LMGWO
F, Mean ¥JfH  2.82x10! 5.45x107  2.20x107  1.57x1077  1.84x107% 0
Std FpifEZE - 7.15x10"  3.34x107°  1.34x107"  4.36x1077  2.35x107% 0
F, Mean ¥{H  6.48x1072  5.48x10™>  5.55x107! 4.08 1.02x107'6 0
Std prifEZE 3.45x1072 5.02x107°  9.54x107! 5.11 4.61x107" 0
Fy Mean ¥3fH  1.25x10* 6.45x10? 1.02x10* 9.61x10°  5.21x107° 0
Std FrifEZE - 3.16x10° 8.64x10? 6.32x10* 3.22x10*  1.17x107* 0
F, Mean ¥J{H  2.77x10! 9.15x107" 4.11x10" 1.21 1.04x107° 0
Std trMfEZE 5.68x10! 5.47x107" 2.19x10! 1.39 1.47x107° 0

Fs Mean ¥ 3.27x1072  7.64x1073  2.45x107%  5.13x107'  2.30x107%  2.45x107°

Std FpfEZE 5.98x1072  5.16x1073 3.09x107°  3.18x1072  1.70x107°  2.04x107°
Fg Mean ¥J{6  3.02x10! 8.99x10'  6.11x10™"°  4.67x10' 4.28 0
Std brifEZE - 6.48x10' 1.02x10"  1.98x107™  2.13x10! 5.44 0

F, Mean ¥J{& 5.51 4.07x10"  1.11x107%  2.45x107'  2.05x107"%  8.88x107'¢
Std FrifE2E 1.84 5.11x1072  7.16x107% 4.41 1.17x107 0
Fy Mean ¥J{H 3.65 3.47x107%  6.39x107>  2.58x107*  4.68x107° 0
Std FRifEZE - 2.00x107" 5.19x1072  4.77x1072  8.12x1072  7.55x1073 0
Fy Mean ¥fH  4.55x107  5.40x107°  5.49x10™®  4.11x10  6.79x107* 0
Std hrMfEZE 1.36x1072 1.24x1072 2.33x107%® 2.28x10 1.17x107* 0
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Table 4 Comparison of LMGWO and GWO optimization function mean values in different dimensions

i
eSS AR T SR 2/ %
100 200 300 400 500

F, GWO 1.46x1072  1.43x1077  5.79x107  8.08x10™*  1.79x1073 4.48x107*
LMGWO 0 0 0 0 0 0

F, GWO 5.35x107  3.25x107°  6.79x10™*  3.34x107°  1.12x107? 2.80x1073
LMGWO 0 0 0 0 0 0

Fy GWO 7.31x10? 2.02x10* 9.11x10* 1.94x10° 3.09x10° 7.71x10*
LMGWO 0 0 0 0 0 0

F, GWO 8.82x107! 2.61x10" 4.71x10" 6.03x10" 6.48x10! 1.60x10!
LMGWO 0 0 0 0 0 0

Fy GWO 7.03x107°  1.26x1072  3.49x1072  6.63x1072  9.46x1072 2.19x1072
LMGWO  3.41x107°  3.87x107°  4.05x10™  4.72x107°  6.39x107° 7.45%107¢

Fg GWO 9.29 2.42%10" 3.91x10! 5.02x10! 7.20x10! 1.57x10!
LMGWO 0 0 0 0 0 0

F; GWO 6.77x1077  2.22x107°  5.74x10™*  9.09x107*  2.02x107? 5.05x107*
LMGWO  8.88x107'®  8.88x107!¢  8.88x107'® 8.88x107!¢  8.88x107'° 0

Fy GWO 8.05x107%  1.45x107%  2.14x107%  7.53x107>  9.46x1072 2.16x1072
LMGWO 0 0 0 0 0 0

F, GWO 2.81x107°  1.13x1072  2.59x1072  4.54x107%  1.69x107! 4.15x1072
LMGWO 0 0 0 0 0 0
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Fig. 3 Function optimization based on the curve of function dimension change
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Table 5 Comparison results of different algorithms in Case 1

EREF A KEMBA, ($ - h7h)
GWO 799.962 4
AOA 799.921 7
SCA 801.970 0
ChOA 800.185 3
WOA 800.101 8
LMGWO 799.394 4
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Table 6 Comparison results of different algorithms in Case 2

R A UL RIRFE/ MW
GWO 3.026 4
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